: An overview of the marker set construction procedure, using an initial validation/discovery split, bootstrap sub-sampling, set refinement, and internal validation. so these individuals were also removed from the present study (X chromosome filtered set of 490032 SNPs, SNPs were then ranked by χ 2 , and a bootstrap-consistent set of 458 SNPs was identified, each ranked in, and a random sample of 5000 of the remaining SNPs (B). A total of 126519 SNPs (not included when generating these graphs) were unranked in at least one bootstrap sub-sample, as no genetic difference was observed between case and control groups with that SNP. The difference between minimum and maximum rank gives an indication of the reliability of a particular marker for association testing in a general population. Of those markers in the bootstrapconsistent set of 458 SNPs, 57% were ranked in the top 5000 markers in all bootstraps. Of the remaining 489574 SNPs, 95% (4464977) had a maximum rank of 350000 or more (including 126519 unranked SNPs).
Choosing a Marker Ranking Statistic

199
A ranking statistic is necessary for the bootstrap process to determine which markers are more likely to be 200 associated with the phenotype of interest.
201
The purpose of the ranking statistic is to rank the effectiveness of markers in distinguishing groups, rather
202
than give a precise indication of their utility. This means that the actual statistic used is not important, as 203 long as it is generally able to rank an informative marker higher than a less informative marker. Table 1 : A sample of markers from the T1D study, showing minimum, maximum, and mean rank in 100 bootstrap sub-samples. In order to demonstrate differences between included (low rank in all bootstrap sub-samples) and excluded markers, the first ten markers were sampled randomly from the group of 458 markers with maximum rank less than 24502, and the remaining ten markers were sampled randomly from the remaining 489574 markers. 
Linkage Refinement
221
Linked GSMs were removed in order to reduce the redundancy of associative signal produced by the generated 222 GSM set. Markers were ordered based on mean rank order and any SNPs that were linked (r 2 > 0.1) with 223 a higher-ranked GSM were removed from the set, leaving an unlinked set of 34 GSMs.
224
Markers within a signature marker set should be unlinked, so it is a good idea to calculate a linkage-associated 
247
The greatest difference between cases and controls was observed when the top 5 GSMs were selected, pro-248 ducing an AUC of 0.8449. This signature set of 5 GSMs was considered to be the most appropriate T1D-249 informative set. 
Validation of Final 5 GSM Set
251
The signature set of 5 GSMs (see Table 2 ) was finally tested on the validation group (982 T1D cases, 729 252 NBS controls) using structure, followed by an AUC analysis of the Q values. There is a small overlap between 253 some T1D cases and some NBS controls (Figure 7 ), but most T1D cases cluster together, and are separate 254 from the cluster of NBS controls.
255
The AUC value associated with this test of the signature set of 5 GSMs in the validation group was 0.8395.
256
Setting the false positive rate to 5% (cutoff Q value 0.129) produced a true positive rate of 43%, while setting
The structure program is designed for population analysis, but is used here for group analysis. from the WTCCC study [12] , was selected to be compared with the signature set of 5 GSMs in the present 264 study (see Table 3 ). The structure program was used in combination with an AUC analysis to evaluate the the curve nearest to a true positive rate of 100% and a false positive rate of 0% was when the cutoff Q value 271 was set at 0.910, with a true positive rate of 65%, and a false positive rate of 35%. These results indicate 272 that the signature GSM set discovered in the present study is considerably more informative than a set of 273 T1D-associated SNPs found in other genome-wide association studies.
274
Discussion
275
This study has identified a group of 5 GSMs that classify individuals with T1D with good reliability (AUC 276 = 0.84, see Figure 8 ). 
284
The marker construction method used a bootstrapping procedure as an internal validation to remove markers 285 that had substantial variation in χ 2 values within the tested groups. In an ideal case, a bootstrapping 286 procedure would not be necessary as the genetic makeup of the total population will reflect the makeup of 287 any given subgroup of that population. In such a case, the ranking after each bootstrap will be the same 
Type 1 Diabetes Study Results
291
It is known that genetic variation within the HLA region on chromosome 6 plays an important role in 292 T1D, accounting for about 50% of the genetic susceptibility for T1D [see 3]. This role is supported by 293 the preliminary results in the present study, which show consistently strong predictive power using genetic 294 markers, all but one from this region alone (see Table 2 ). 
299
In order to determine the positive predictive value of a test, it is necessary to establish the prevalence of 300 the trait in the population of individuals who are to be tested. A country which is considered to have a 301 very high incidence of T1D, Finland, has an overall cumulative incidence of around 0.5-0.6% at the age of 
304
Even at the higher incidence rate in Finland, fewer than 0.6% of individuals in a typical non-enriched control 305 population would be expected to have T1D. rs9270986  6q21  HLA  rs6679677  1p13  PHTF1-PTPN22  rs17696736  12q24  C12orf30  rs2292239  12q13  ERBB3  rs12708716  16p13  KIAA0350  rs2542151  18p11  PTPN2  rs3741208  11p15  INS  rs17388568  4q27  Tenr-IL2-IL21  rs7722135  5q14  Q8WY63  rs9653442  2q11  AFF3-LOC150577  rs6546909  2p13  DQX1  rs2666236 10p11 NRP1 Table 2 ).
306
SNP Chr Region Gene Locus
The NBS controls for the WTCCC study had not been enriched to remove individuals that have T1D. Given 307 an expected prevalence of T1D of 0.6%, it would be expected that around 4 individuals from the validation 308 NBS control group (or 9 from the discovery and validation groups combined) have T1D. Setting the false 309 positive error rate to this value (i.e. 0.6%) is unrealistic for the current data set, as only a small fraction of 310 T1D cases would be identified with that cutoff (just over 5%, see Figure 8 ). However, if a more moderate 5% 311 false positive error rate is accepted (identifying 43% of T1D cases, see Section 2.6), then 36 NBS individuals would be identified by this test as at risk for T1D. This is about ten times that expected by cumulative Table 2 ).
around 10%. It is expected that any reduction of GSM set size will result in decreased reliability, as there is an information 385 loss when fewer markers are typed. For a reduction method to be useful, the information lost due to typing 386 fewer markers must be compensated by cost reduction. However, in this investigation, the opposite appears 387 to be true -a small number of markers are useful to distinguish the case and control groups, and appear to 388 provide more information than a full genome set. 
Interactions from Multiple Genetic Variants
390
In some cases, a first-pass single association analysis of markers will not be useful for the classification of between different markers would also reduce the effectiveness of an association test to determine informative 397 markers.
398
The ideal situation for investigating complex traits at a genetic level is an analysis of the effectiveness of 399 every possible set of marker interactions. Once such an analysis is carried out, the best set of markers will 400 be identified as being the set that is most informative for classifying individuals into groups. However, the 401 computational requirements for such testing combined with the increased danger of overfitting due to small 402 cell sizes, make such an analysis effectively useless when carried out on the total marker set [see 10].
403
The bootstrapping approach as outlined here does not consider combinations of genetic markers. However,
404
it provides an efficient way to reduce a large set of markers down to a much smaller set. This smaller set can 
414
The method for identifying a minimal set of GSMs is an association-based method that discovers genome- 
